We sought to develop procedures for computerized analysis of long-term, high-resolution activity monitoring data that allow accurate assessment of the time course of activity levels suitable for use in chronic obstructive pulmonary disease (COPD) patients. Twenty-two COPD patients utilizing long-term oxygen recruited from 5 sites of the COPD Clinical Research Network wore a triaxial accelerometer (RT3, Stayhealthy, Monrovia, CA) during waking hours over a 14-day period. Computerized algorithms were composed allowing minute-by-minute activity data to be analyzed to determine, for each minute, whether the monitor was being worn. Temporal alignment allowed determination of average time course of activity level, expressed as average vector magnitude units (VMU, the vectorial sum of activity counts in three orthogonal directions) per minute, for each hour of the day. Mid-day activity was quantified as average VMU/minute between 10AM and 4PM for minutes the monitor was worn. Over the 14 day monitoring period, subjects wore the monitor an average of 11.4 ± 3.0 hours·day −1 . During mid-day hours, subjects wore the monitor 76.3% of the time and generated an average activity level of 112 ± 55 VMU·min −1 . Increase in precision of activity estimates with longer monitoring periods was demonstrated. This analysis scheme allows a detailed temporal pattern of activity to be defined from triaxial accelerometer recordings and has the potential to facilitate comparisons among subjects and between subject groups. This trial is registered at ClinicalTrials.gov (NCT00325754).
INTRODUCTION
Physical activity is a key factor in maintaining health. More active chronic obstructive pulmonary disease (COPD) patients have fewer disease exacerbations requiring hospitalization (10) and lower mortality (35) . Most COPD patients are sedentary, sum of activity in the three orthogonal directions measured over a one-minute period) summed over a period of a day. These calculations may yield substantially non-representative results if daily duration of monitor use varies between days or among subjects.
A major focus in activity monitoring research is development of a monitor whose measurements directly relate to the metabolic cost of daily activities. In healthy young subjects, the relationships between VMU measurements obtained by triaxial accelerometry and energy expenditure (14, 22, 23) and between VMU measurements and treadmill walking speed (22, 23) have been determined. VMU cut-points for classifying activity as sedentary, moderate, or vigorous have been proposed. Yet, activity ranges established for young healthy subjects (10, 30, 31, 33) may have limited validity in older and less active COPD patients. Recent reports have aimed at developing sensors that better reflect the metabolic cost of activity (5, 13) ; this is an active area of research.
This paper addresses a separate area of activity monitoring development. Our purpose was to develop a novel method for analyzing accelerometer data that yields an accurate picture of daily activity time course. A key step was composing a computerized algorithm that operates on minute-by-minute activity data to determine when the device was worn by the subject. This allowed construction of averaged activity temporal profiles over the course of the day and calculation of the fraction of time spent at a specified activity level. The utility of these methods is illustrated by examining the activity profile of a group of COPD patients.
MATERIALS AND METHODS

Data collection
Subjects were participants in a study of oxygen use and activity in long-term oxygen therapy (LTOT) recipients with COPD. They were recruited from 5 sites of the COPD Clinical Research Network; the institutional review board at each site approved the study and each subject provided written informed consent to participate. Major inclusion criteria were stable COPD, resting arterial oxygen partial pressure (PaO 2 ) ≤60 mmHg, use of E-cylinders (relatively large compressed gas cylinders designed to be towed in a wheeled cart, weighing roughly 22 lbs.) as the ambulatory oxygen source and lack of orthopedic activity limitation. Subjects participated in a two-week baseline period and a 6-month intervention period in which effects of lightweight oxygen supplies were studied; only baseline period data are included in this report. Twenty-two subjects (14 male) were randomized; all produced analyzable activity monitor recordings.
Subjects agreed to wear the activity monitor for two weeks except after retiring to bed at night and when bathing or swimming. Although a previous study discerned no difference between right and left hip placement (22) , subjects were asked to wear the monitor on their non-dominant hip. We also gave instructions designed to identify periods when subjects rode in motor vehicles because motor vehicle vibration can be recorded as activity by the monitor. The activity monitor featured two buttons that insert "flags" into the data set; subjects were instructed to press one button when entering a motor vehicle and the other when exiting. Subjects were also given activity logs to record times when they entered and exited vehicles. Using these records, we planned to exclude periods in which subjects rode in motor vehicles from data analysis. Subjects were not given any instructions as to their daily activity patterns.
Activity monitor characteristics
This study was not designed to validate a specific activity monitor model, but rather to demonstrate analysis strategies valid for a range of monitors. We chose a commonly used activity monitor for this study. The RT3 accelerometer (Stayhealthy, Monrovia, CA) is a small and lightweight (7.1 × 5.6 × 2.8 cm, 65.2 g) triaxial accelerometer worn on the hip (27) . It incorporates an accurate clock and records activity for 21 consecutive days in one-minute epochs (29, 32) . A previous study showed a 7-day monitoring period was needed to obtain 90% reliability in monitoring activity in healthy adults (16) .
Despite these features, there are potential problems in using the RT3 to monitor long-term activity. When the device is not worn, low-level but nonzero VMU counts are regularly observed. When the wearer rides in a motor vehicle, relatively high activity counts are generated due to vehicle motion and vibration (2), distinguishing these from physical activity is problematic. The RT3 underestimates activity in older subjects with slower gaits (15, 27) . Finally, the RT3 has been demonstrated to have modest intra-monitor variability, but higher inter-monitor variability (21) .
Analysis of ambulatory data
A computer algorithm ( Figure 1 ) was formulated to analyze VMU values for each minute in 14-day activity monitor data sets by asking the following questions:
• Is VMU·min values >5? If at least two conditions were affirmed for a given minute, the device was defined to be "worn"; otherwise, the device was defined to be "not worn."
A threshold VMU value of 5 was chosen because it represented the highest value generated by the RT3 when resting on a stationary surface during preliminary device evaluations. A 20-minute window has been used previously (6) , it seemed an appropriate period in which to expect some minimal activity, such as readjusting body position when sitting in a chair.
Daily activity profile creation
After identification of minutes during which the device was worn, average activity profiles were generated. Minute-byminute activity values from each hour of the recording period were averaged to yield an hour-by-hour time course. For a given hour of the day, values from successive days were averaged, weighted by number of minutes worn in that hour, to create a single average activity level for that hour. This procedure produced an average time course of activity over the day's 24 hours. Data collected on days monitor wearing was initiated and stopped were not included in the analysis (these days generally featured a laboratory visit and therefore might not be typical); therefore, data analysis started and ended at midnight.
Data analysis procedures
Activity data were downloaded from the RT3 device, using a docking cradle, to a personal computer (Alienware Corporation, Miami, FL). This file was then analyzed by a Microsoft Excel 2000 (Microsoft Inc., Redmond, WA) analysis template to identify when the device was worn or not worn. SigmaPlot 9.0 (Systat Inc., Richmond, CA) analysis transforms performed statistical analysis, including hourly activity averages, daily activity averages, in-vehicle activity identification, and summary graph production. Averages are reported as mean ± SD, unless otherwise stated. For each two-week data set, the analysis procedure took 5-10 minutes. Table 1 records demographics of the 22 COPD patients who were found to have severe disease and severe resting hypoxemia. The recording period was 14.2 ± 3.0 days.
RESULTS
Individual examples of activity monitor data
A major objective of algorithm development was to identify which periods of low activity counts represent sedentary behavior and which are generated when the device is not worn. . Despite the fact that during almost one-third of this hour the subject had no detectable motion (as might be seen if the subject was lying on a couch), these data represent valid activity assessments, and should be included in the activity analysis. However, if it had been assumed that minutes of 0 VMU signified that the device was not worn, average VMU would have been 23 ± 28 VMU·min −1 ; for a threshold of 5 VMU·min −1 , average VMU would have been 30 ± 29 VMU·min −1 . The third panel shows a period when the subject reported that the device was not worn. There are 5 minutes with activity counts ranging from 3-12 VMU·min −1 , which are apparently activity monitor artifacts. The algorithm correctly identifies this entire hour as a period when the monitor is not worn.
Activity level summary
Using the selected algorithm, subjects wore the activity monitor 11.4 ± 3.0 hours?day −1 (47.5% of the time, range 5.8-19.7 hours·day −1 ). For the period during which the monitor was determined to be worn, inter-subject activity average was 90 ± 39 VMU·min −1 (range 28-167 VMU·min −1 ).
Average daily activity time course Figure 3 shows average time course of a day's activity for a subject. The upper plot shows average activity profile for each of the day's 24 hours. The bottom plot shows average minutes/hour the device was determined to be worn for each hour. Note that daytime compliance is rather good (55-60 minutes/hour). Also note that this data display demonstrates that the subject regularly started wearing the monitor at roughly 8AM and stopped wearing it between 9PM and 11PM.
Average daily activity time course for all subjects is shown in Figure 4 . The bottom panel shows, on average, subjects wore the monitor roughly 40-50 minutes/hour (i.e., roughly 67-83% of the time) between 10AM and 8PM. Note that activity level is highest during the late morning and early afternoon hours and declines during the evening.
The upper panel of Figure 5 illustrates activity level trends over the 14-day observation period. This plot shows no apparent trends, indicating subjects did not systematically alter activity level over the course of observation. By the reverse arrangements test (3), there is no trend in average activity level over time ( p < 0.01). The lower panel of Figure 5 allows assessment of the effect of data collection duration on average activity level assessment. The value plotted at day 1 is the average (±SD) of the absolute percent difference between the first day's value and the 14 day average. This data point indicates that a one-day observation period will differ from the 2-week average by an average of 26 ± 16%. The value plotted at day 2 is the average (±SD) of the absolute percent difference between the first two days' average and the 14-day average and so on for subsequent days. It can be seen that not until 7 days' data is averaged, does the average difference from the 14-day value drop below 10%.
Mid-day analysis
Our analysis strategy facilitates the derivation of a single number that describes the subject's mid-day activity. We calculated average mid-day activity level, defined as the period between 10AM and 4PM, during which we assumed subjects are most likely to be participating in activities of daily living. During this six-hour period, subjects wore the monitor for 4.6 ± 1.1 hours·day −1 (76.3% of this period), recording an activity level of 112 ± 55 VMU·min −1 for the time the monitor was worn.
Activity range cut-points
Another method for analyzing activity monitor data is by using cut-points to group activity values into bins of ascending activity levels. This presupposes that a rationale for selecting activity cut-points can be established. Most activity cutpoints in the literature use ranges developed for young, healthy subjects and are therefore not fully applicable to COPD patients. We determined that a healthy subject walking at 1 mph on a treadmill engenders an activity count of 290 VMU·min −1 (data not shown) -roughly 2.6 times higher than the average daytime activity level recorded for these COPD patients. We chose to set cut points at 25 and 250 VMU·min −1 , to create three activity ranges: <25, 25-250, and >250 VMU·min −1 . Although these are only rough dividing lines, the first category might correspond to seated (or lying) nearly motionless activity, the second to low level presumably in-doors activity, and the third might encompass walking activity. Figure 6 
Data generated in a motor vehicle
Subjects were instructed to use monitor buttons to indicate when they were riding in a motor vehicle and to keep a written log of these times. Many subjects essentially ignored these instructions; for all subjects, monitor button analysis detected only 13.4 ± 15.6 minutes·day −1 recorded as in a motor vehicle.
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April 2009 125 COPD Downloaded from informahealthcare.com by University of Michigan Figure 5 . Upper plot: Average vector magnitude unit (VMU) per minute daily activity over the 14-day observation period for all 22 subjects for minutes in which the activity monitor was worn. By the reverse arrangements test, there is no significant trend of activity levels over time (p < 0.01). Lower plot: Average of the absolute value of the deviation of the average activity level calculated through each successive day relative to the subject's average activity level over the 14-day observation period. Values are mean ± SD. See text for further discussion. Note that not until 7 days of recording does the average activity level fall within 10% of the 14-day value.
Due to poor subject compliance, overall analysis of the effects of motor vehicle activity was inappropriate; instead, we conducted an illustrative analysis in 4 subjects whose pattern of monitor button and log entries suggested that they were more compliant with our instructions.
Based on electronic flags and log entries for these 4 subjects, time in motor vehicles averaged 51.2 ± 13.3 minutes·day −1 ; removing these periods lowered average daily activity level from 84 ± 19 VMU·minute −1 to 70 ± 15 VMU·min −1 , a 16.2% decrease. These subjects recorded 272 ± 119 VMU·min −1 while riding in vehicles.
DISCUSSION
We have presented a procedure for analyzing the temporal characteristics of triaxial accelerometer activity monitor data in COPD patients. This method facilitates composition of an accurate time course of a subject's activity patterns by determining when the device was and was not worn. An easily conceptualized presentation of a subject's activity over the course of a day is provided. A summarization of mid-day activity in a single number is enabled. This general approach could be adapted to a wide range of electronic activity monitors.
An active lifestyle has substantial benefits. In the healthy elderly and patients with chronic disease, individuals who remain active generally have better quality of life and survive longer (1, 9, 35) . Though less well established, the concept that interventions that improve activity levels improve survival is generally accepted (1).
In both research and clinical applications, exercise tolerance measures are commonly obtained; such measures have been shown to be predictors of prognosis. However, it may be wondered whether correlations between exercise tolerance and survival seen in COPD patients (4, 5, 7, 11, 13, 17) represent causeand-effect or whether identification of those with higher exercise tolerance simply identifies a subgroup with higher activity level. Indeed, correlational analysis demonstrates that COPD patients with higher exercise tolerance have higher activity levels (35) , though the correlation is not particularly tight. If we posit that survival is mechanistically linked to everyday activity levels rather than physiological ability to exercise, then exercise capacity can be seen as a mere proxy for activity level. This supposition lends urgency to development of robust and practical methods to assess activity in free-ranging individuals.
Activity monitoring technology has advanced rapidly. Mechanical devices that measure the number of steps taken have been supplanted. Today's devices employ sophisticated sensors, support electronic data analysis, feature electronic memory often capable of recording for weeks at a time and allow downloading to computers for extensive analysis. Accelerometers can be thought of as vibration sensors; accelerometers sensing movement in all three orthogonal directions are commonly employed. Accelerometer readings have been correlated with the associated metabolic cost of the activity (measured in calories), but such correlations are highly dependent on a host of factors, including body weight and activity type.
To easily understand the tenuousness of the correlation between activity counts and metabolic cost, consider that walking at a given speed on a level surface and up a steep grade generates similar accelerometer activity counts, but engenders greatly different metabolic costs. In the present work we rather arbitrarily specified cut points of intensity based on a healthy subject walking on the level. The utility of such cut points are seriously limited. Performing calibrations by having each individual perform a range of intensities of activity would likely lend more validity to intensity cut points but would, however, not fully address the problem. Multisensor activity monitors, incorporating measures such as heart rate, skin temperature and galvanic skin response (5, 13) and devices employing more than one accelerometer unit (20) have been introduced, aiming to provide a more accurate relation between monitor reading and metabolic activity cost.
The present work addresses another major barrier to interpretation of activity monitor measurements. How can the largevolume, high-resolution data produced by activity monitors be interpreted to give an accurate picture of activity level of a given subject? Previous COPD studies have employed several approaches to analyze uni-axial or tri-axial accelerometer recordings. In two studies, Steele et al. (28, 29) recorded activity over 3-and 5-day observation periods. Daily average VMU·min was calculated as total daily VMU divided by patient report of wearing time.
Belza et al. (2) recorded 4 days of activity; periods of nonwearing were manually extracted from data files; adjustments related to traveling in a vehicle were made based on patient report. Sandland et al. (24) and Sewell et al. (25) asked patients to wear a monitor for 12 hours·day −1 for 7 and 2 days, respectively; average daily counts were computed assuming that patients complied with wearing instructions. Coronado et al. (8) asked subjects to wear an accelerometer for two 10-hour periods with total activity assessed by summed counts and employing threshold values. Singh et al. (26) asked patients to wear a monitor for 48 hours; activity counts were compared to activity logs kept by the patients. In three studies, Pitta et al. employed a multisensor monitor to analyze patient activity over a 2-day period (20) , a one-day period (19) and 3, 12-hour periods (18) . Time spent in weight bearing and non-weight bearing activities was estimated.
The methodology we developed provides an efficient construct for interpreting temporal activity characteristics that does not depend on patient report. The central feature is the ability to distinguish periods during which the monitor is worn from those in which it is not. It is unreasonable to assume that subjects will comply precisely with monitor wearing instructions over an extended time period. Results obtained here show that, in fact, compliance is far from perfect and that compliance variation among subjects is appreciable. Moreover, instructions that the device should not be worn during bathing and sleep will yield, even with good compliance, varying periods of daily monitor use when sleep and bathing patterns vary among subjects. The algorithm employed to detect monitor wearing (Figure 1 ) is essentially empiric, but has the desirable feature of considering activity readings both preceding and following the reading under consideration. Examples are presented (Figure 2 ) demonstrating that simply considering a threshold value in making this determination leads to misidentifications, especially during periods of relative inactivity.
A second innovation, facilitated by the first, is calculation of the day's activity time course, accompanied by the day's monitor wearing time course. Hour-by-hour data from successive days are superimposed and averaged. This analysis demonstrated that, on average, subjects wore the monitors about 11 hours/day (i.e., about 45% of the time), but wore them during roughly 75% of daytime hours.
A final innovation, facilitated by the first two, enables summarization of daytime activity level in a single number. Focusing on mid-day, when it is presumed that subjects are going about everyday activities (10AM-4PM), average activity level for minutes the monitor is worn over the 14-day period is calculated. By this mid-day activity calculation, concise statements can be made comparing individuals and groups.
How many days of data should be collected to yield an accurate activity pattern picture? The upper panel of Figure 6 might suggest that since, on average, there is no trend for change in activity from the first through the 14th day of monitor wearing, a few days might be adequate. But the lower panel of Figure 6 indicates that, the longer data collection proceeds, the greater the accuracy in discerning the subject's true average value. Specifically, a 7-day observation will, on average, yield an activity assessment within 10% of the 14-day value. Another, somewhat speculative, consideration mitigates against accuracy of a relatively short assessment period. When subjects know that they will be wearing an activity monitor for a short time period, they may initially (deliberately or unconsciously) increase their activity level; the upper panel of Figure 6 suggests that this is not the case for a 14-day wearing period.
We were less successful in facilitating compensation for time spent riding in motor vehicles. Most subjects did not reliably record when they entered and left motor vehicles. By analyzing data of subjects who more reliably performed this task, we determined that activity counts associated with riding in a motor vehicle were in the higher ranges of activities observed. Excluding these periods from activity analysis appreciably decreased estimates of average activity counts. Future research is needed to establish a method to identify and exclude data recorded in a motor vehicle; this method should preferably not rely on subjects remembering to identify these periods.
A limitation of the present work is that we did not demonstrate that the algorithm we developed to analyze activity monitor data performed optimally. This demonstration would require collection of long periods of activity monitoring accompanied by some gold standard method of determining whether the monitor was worn or not worn (perhaps by direct observation). These data could then be analyzed to determine whether the algorithm we developed, or some alternative, optimally separated periods in which the monitor was or was not worn. This validation might be pursued in a future study.
In summary, we developed methodology that facilitated analysis of temporal characteristics of data from long-term activity monitor recordings. Computerized routines were developed that processed the minute-by-minute data stored in these monitors to distinguish periods in which the monitor was or was not worn and then summarized these data in such a way that activity patterns could be readily compared among subjects and between groups. These methods should also be suitable for determining results of activity-promoting interventions. It deserves to be stressed that these analyses are performed under computer control; only a few minutes were needed to analyze each 2-week data recording.
